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Abstract: The surface quality of riveting holes on aircraft skin, tail and other components is
crucial to the overall assembly performance of an aircraft. Currently, most riveting hole defect
detection relies on the traditional manual methods, which are prone to missing detection. An
improved detection method based on YOLOVS for surface defect detection of riveting holes was
proposed. The conventional convolution was replaced by deformable convolution to solve the
problem of the fixed receptive field shape in feature extraction. The SimAM attention mechanism
was embedded in order to enhance the recognition ability of the network under low contrast
between the background and targets. The CloU loss function was replaced by the WIoU bounding
box regression loss function to reduce the impact of low-quality images during model training and
improve the robustness and generalization ability of the model. To verify the performance of the
improved model, 6061 aluminum alloy plates with riveting holes were used as a substitute for
aircraft skin in the detection process. Experimental results demonstrated that the improved model
achieved mAP 0.5 and accuracy of 0.918 and 0.920 on the riveting hole test set, which
represents an improvement of 24. 1% and 25. 3% compared to the original model.

Key words: YOLOVS; riveting hole; defect detection; deformable convolution; attention
mechanism
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Fig. 5 Types and quantities of the data set samples
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Table 3 Test accuracy parameters of the two models

PR R P R FI{§ AP 0.5
2oy 0.919  0.938  0.928  0.912
MEE  0.900  0.948 0.923  0.963

AR SRR
T 0.856  0.922 0.888  0.929
KR 0.890 0.759 0.819 0.869
Zer 0.791  0.812 0.801  0.723
YOLOv8 M 0.736  0.667 0.700 0.719
BAL Ffl 0.870  0.629 0.730  0.812
KPR 0.575  0.487 0.527  0.453

R T 20 B R AR SR AR B 4 L 3 T
B 6z ) A M e I Al WIoU $81 2% bR %K
SimAM ¥ & J #L il . ] 42 JE % 1 DCN X}
YOLOv8 ## AR ALAE L it T I Al St 4, 45
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Table 4 Results of ablation experiments
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Fig. 10 PR curves
(a)—YOLOVS; (b)—YOLOV8+WIoU; (¢)—YOLOv8+WIoU+SimAM; (d)—YOLOv8+WIoU+SimAM+DCN.
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Fig. 11

Comparison of heat maps between the improved model and the original model
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